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OPEN A novel multimodel medical image

fusion framework with edge
enhancement and cross-scale
transformer
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Multimodal medical image fusion (MMIF) integrates complementary information from different
imaging modalities to enhance image quality and remove redundant data, benefiting a variety

of clinical applications such as tumor detection and organ delineation. However, existing MMIF
methods often struggle to preserve sharp edges and maintain high contrast, both of which are critical
for accurate diagnosis and treatment planning. To address these limitations, this paper proposes
ECFusion, a novel MMIF framework that explicitly incorporates edge prior information and leverages
a cross-scale transformer. First, an Edge-Augmented Module (EAM) employs the Sobel operator to
extract edge features, thereby improving the representation and preservation of edge details. Second,
a Cross-Scale Transformer Fusion Module (CSTF) with a Hierarchical Cross-Scale Embedding Layer
(HCEL) captures multi-scale contextual information and enhances the global consistency of fused
images. Additionally, a multi-path fusion strategy is introduced to disentangle deep and shallow
features, mitigating feature loss during fusion. We conduct extensive experiments on the AANLIB
dataset, evaluating CT-MRI, PET-MRI, and SPECT-MRI fusion tasks. Compared with state-of-the-art
methods (U2Fusion, EMFusion, SwinFusion, and CDDFuse), ECFusion produces fused images with
clearer edges and higher contrast. Quantitative results further highlight improvements in mutual
information (M), structural similarity (Qabf, SSIM), and visual perception (VIF, Qcb, Qcv).

Keywords Multimodal medical image fusion, Edge enhancement, Cross-scale transformer, Hierarchical
cross-scale embedding, Concise loss function

Accurate and comprehensive medical imaging plays a crucial role in modern clinical practice. While individual
imaging modalities such as computed tomography (CT), magnetic resonance imaging (MRI), single-photon
emission computed tomography (SPECT), and positron emission tomography (PET) each provide valuable
structural or functional information, no single modality captures the full complexity of many diseases!. For
example, CT excels at depicting dense tissues such as bone and implants, whereas MRI offers excellent soft-tissue
contrast for inflammation or lesions?. Functional modalities like SPECT and PET visualize metabolic activities
but have lower spatial resolution. Consequently, relying on a single modality may limit the ability to make precise
diagnoses or to formulate optimal treatment plans, particularly in tumor detection and surgical navigation®.

Multimodal medical image fusion (MMIF) integrates complementary information from multiple imaging
modalities into a single image, supporting more informed clinical decisions*. By combining anatomical details
(for example, from CT or MRI) with functional data (from PET or SPECT), clinicians obtain a broader view of a
pathology’s location, extent, and metabolic activity’. However, implementing MMIF remains challenging. First,
differences in resolution, contrast, and noise across modalities can introduce registration errors and artifacts.
Second, subtle yet critical anatomical boundaries may appear blurred if the fusion method fails to preserve
edge information®. Third, retaining contrast in low-intensity or lesion-detailed regions is essential for accurate
diagnosis and monitoring’.

Early MMIF techniques generally employed rule-driven or decomposition-based fusion strategies such
as wavelet transforms, pyramid decompositions, or sparse coding®!!. Although these methods have shown
success in integrating multi-scale information, they rely heavily on handcrafted features and pre-defined fusion
rules, limiting their adaptability to various modality combinations or pathological conditions. Misalignment

1East China University of Science and Technology, School of Information Science and Engineering, Shanghai
200237, China. 2Universidad San Sebastian, School of Engineering, Architecture and Design, Santiago 8320000,
Chile. ®email: luof@ecust.edu.cn

Scientific Reports |

(2025) 15:11657 | https://doi.org/10.1038/s41598-025-93616-y nature portfolio


http://www.nature.com/scientificreports
http://crossmark.crossref.org/dialog/?doi=10.1038/s41598-025-93616-y&domain=pdf&date_stamp=2025-4-3

www.nature.com/scientificreports/

in frequency or spatial domains can also cause artifacts or reduced contrast in the fused results. More recent
advances in deep learning have led to convolutional neural networks (CNNs) that learn data-driven feature
representations, reducing the need for manual feature engineering'?. Nevertheless, CNN-based methods often
struggle with long-range dependencies or multi-scale contextual details, resulting in pixel misalignment and
information loss in complex fusion scenarios'>.

Attention mechanisms, particularly Transformers, have been explored by several researchers to address
these challenges, given their ability to capture long-distance relationships!*>-!. Yet, many existing Transformer-
based fusion approaches rely on fixed patch sizes or simplistic attention configurations, limiting their capacity
to capture both global context and localized features. Meanwhile, edge-preserving strategies in deep learning are
frequently restricted to post-processing or straightforward concatenation of edge maps, which may introduce
noise or artifacts!>2°, Moreover, suboptimal choices in network architecture or loss functions can cause artifacts
such as pixel shifts or reduced contrast. As shown in Figure 1, some methods in PET-MRI fusion exhibit pixel
deviations in background regions (red box) and MRI-only regions (green box), compromising overall contrast.
Methods like TIMFusion and MUFusion also lose edge texture, especially in brain folds.

These shortcomings highlight the need for a strategy that explicitly enhances edge details and models
multi-scale information within a unified framework. To address these issues, this paper proposes ECFusion, an
unsupervised deep learning framework that integrates edge enhancement with cross-scale Transformer fusion.
The method focuses on preserving anatomical boundaries, reducing pixel shifts, and maintaining contrast in
complex clinical scenarios.

In summary, the key contributions of this work are:

1. An Edge-Augmented Module (EAM) that utilizes Sobel-based prior edge information for improved bound-
ary preservation during feature extraction.

2. A Cross-Scale Transformer Fusion Module (CSTF) designed to capture multi-scale global context, enabling
better coordination of structural and functional information.

3. A multi-path strategy to disentangle shallow and deep features, mitigating information loss and improving
fusion stability.

The remainder of this paper is organized as follows. Section 2 reviews relevant MMIF and edge-preserving
methods. Section 3 details the ECFusion architecture, including the EAM and CSTF modules, and introduces
the loss functions used for unsupervised training. Section 4 discusses experimental evaluations, including
comparisons with state-of-the-art fusion approaches. Section 5 addresses potential threats to validity, and
Section 6 concludes the paper with suggested directions for future research.

Related works
In recent years, deep learning-based multimodal medical image fusion (MMIF) methods have attracted
significant interest, owing to their ability to learn hierarchical features. This section examines related work
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Fig. 1. Pixel shift problem in PET-MRI fusion. Shown are the input PET image, MRI image, and each method’s
fusion result. The upper right enlargement displays the binary difference image between the red area in each
fusion result and the corresponding PET image; the lower right enlargement shows the binary difference image
between the green area and the corresponding MRI image.
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from two primary perspectives: (i) fusion approaches based on convolutional neural networks (CNNs) and (ii)
Transformer-based methods. Finally, existing strategies for preserving edge details in fusion tasks are discussed.

CNN-based MMIF methods

Convolutional neural networks (CNNs) have proven effective in image fusion due to their capacity for
hierarchical feature extraction via stacked convolutional layers. Early studies, such as Liu et al.2!, minimized
the need for handcrafted features by learning mapping functions directly from source images to weight maps.
Subsequently, Zhang et al.'> proposed IFCNN, an end-to-end framework that integrates feature extraction,
fusion, and reconstruction. These methods demonstrated CNNs’ ability to capture important local features.

To further enrich fused representations, Xu et al.?? introduced EMFusion, which employs a pre-trained
encoder to retain modality-specific information from CT, PET, or SPECT images. Similarly, Cheng et al.}
proposed MUFusion, which adaptively blends source images and intermediate fusion outputs to balance their
contributions. Despite these advances, CNN-based methods may still struggle with long-range dependencies
and global context modeling, which can cause blur or edge loss when merging diverse modalities.

Transformer-based MMIF methods

Transformers excel at capturing global context through multi-head self-attention, a mechanism originally
popularized in natural language processing (NLP). Vision Transformer (ViT) ?* and its variants 2%’ have
been widely applied to diverse vision tasks, including object detection 2%2?°, semantic segmentation 3%3!, image
generation 2, and multi-modal learning 3334, In MMIF, researchers have explored replacing convolutional
operations with attention-based modules to enhance global feature interaction '*~!8. However, effectively merging
high-level contextual information with fine-grained details remains an open challenge for many transformer-
based methods, largely due to fixed patch sizes or limited attention scopes 3>-4°.

Edge preservation in image fusion

Preserving edge details is critical in medical imaging, where subtle boundary information can significantly
influence clinical decision-making. Traditional approaches often employ edge-preserving filters (for example,
bilateral, guided, or Gaussian curvature filters*!**) combined with activity-level measurements to guide the
fusion process. Although effective, these methods typically require complex handcrafted designs and may
introduce artifacts or halos near edges.

Recent deep learning-based methods also examine edge information. Zhu et al.!® extracted edges from an
initial fused image in multi-exposure settings, while Wei et al.? concatenated Sobel-based edge maps in the
decoder. Although these strategies can enhance detail fidelity, direct concatenation or naive weighting may
introduce noise. Similarly, Ma et al.** proposed an edge-focused adversarial loss, but improper weighting can
degrade contrast in non-edge regions.

In our approach, Sobel-based edge maps are incorporated before feature extraction to guide CNNs, ensuring
that edge features are highlighted in both spatial and channel dimensions. A cross-scale Transformer module is
further integrated to maintain global coherence. By addressing edges at an early stage and modeling multi-scale
context through attention, the proposed method seeks to preserve fine details without sacrificing global contrast
in the fused images.

Proposed method
This section provides a detailed description of our proposed ECFusion method. We first present the overall
network architecture, followed by a comprehensive explanation of each module and the associated loss function.

ECFusion framework

The overall architecture of ECFusion is illustrated in Figure 2. It consists of three main modules: an Edge-
Augmented Module (EAM), a Cross-Scale Transformer Fusion Module (CSTF), and an image reconstruction
module (Decoder). These modules are responsible for multi-level feature extraction, feature fusion, and image
reconstruction, respectively.

For simplicity, we assume that the input images I, and I, are single-channel grayscale images. The fusion
process begins b}r feeding I, and I into their respective EAM modules to extract multi-level features, denoted as
FI)*®and FI, 23 _Subsequently, features at the same level (e.g., F'I: and FI}) are sent to their corresponding
CSTF modules for fusion. The fused outputs are then concatenated along the channel dimension and passed to
the Decoder to generate the final fused image I.

Edge-augmented module (EAM)
Preserving edge and texture details is essential in medical image fusion, as these details often correspond to critical
anatomical structures (e.g., brain folds in MRI images and boundaries between normal and diseased tissues
in SPECT or PET images). Such structures are vital for accurate clinical diagnosis. To address potential edge
blurring in fused images, we integrate an edge detection component into our proposed ECFusion framework.
The EAM comprises two main components: an Edge module and a Feature Extraction module. The Edge
module extracts an edge map from the input image, which serves as an auxiliary input to the Feature Extraction
module. The Feature Extraction module includes a channel expansion head, which increases the number of
input image channels to Ceqge, followed by eight residual blocks.
Edge Module The Edge module employs two Sobel operators, G, and G, as convolution kernels to capture
horizontal and vertical edge information from the input image I. The resulting edge map Jcqge is computed as:
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Fig. 3. Structure of the Feature Enhancement (FE) module.
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where ® denotes the convolution operation.

Feature Enhancement (FE) Module Within each residual block of the Feature Extraction module, the
edge map Icqge is processed by a Feature Enhancement (FE) module, illustrated in Figure 3. This module is
inspired by the Convolutional Block Attention Module (CBAM) 6, which applies spatial and channel attention.
However, unlike CBAM, our FE module accepts two inputs—the incoming feature map Fi, and an additional
edge feature map Fegge—thus leveraging boundary information to enhance features along both spatial and
channel dimensions.

To prevent optimization difficulties caused by directly integrating the raw edge map, the FE module first
applies a convolutional layer and a LeakyReLU activation to Icqge, producing an edge feature map Fedge with
Cedge channels:

Feage = LeakyReLU (Conv(Jeage)), )
Next, global max pooling (GMP) and global average pooling (GAP) are applied to Feqge and processed by an
MLP:
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M, = GELU(MLP(GMP(Fuage)) + MLP(GAP (Feage))), 3)

where the MLP weight matrices Wy € R% XC and Wy € RE~ ¢ reduce the channel dimension by a factor of r
, set to 2 in our experiments. Here, C' denotes the number of input channels, and GELU is the Gaussian Error
Linear Unit activation function.

We then combine the spatially enhanced and channel-enhanced features to obtain the final output:

Fout = (En © chgc) + (En O] Mc); (4)

where ® denotes element-wise multiplication. By incorporating Feqge as an auxiliary input, the FE module is
able to highlight boundary information more effectively than a standard CBAM-based approach.

We extract intermediate outputs from the 2nd, 4th, and 8th residual blocks to obtain multi-level features
FI}%® and FI, ; 23 for subsequent fusion. This multi-path fusion strategy separates the fusion of deep and
shallow features by routing multiple outputs from the encoder into distinct paths. Through path integration,
features from different paths are aggregated to ensure that both low-level details and high-level contextual
information are effectively captured. As shown in Figure 4, this strategy enables the network to perform more
robust fusion by integrating features from multiple pathways, each focusing on different aspects of the image.
This approach not only preserves fine-grained details but also maintains global context, resulting in improved
fusion performance across multiple tasks.

Cross-scale transformer fusion module (CSTF)

While multi-scale information is crucial for enhancing the visual quality of fused images, Vision Transformer
(ViT) models typically divide the input image into fixed-size patches that are then linearly embedded to form
a sequence of tokens. This process often relies on convolution operations with a fixed window size, potentially
limiting the model’s ability to capture contextual information at multiple scales. Although employing multiple
kernels of different sizes can mitigate this issue, such strategies often lead to significantly increased parameter
counts and computational complexity.

To enable efficient cross-scale modeling without a large parameter overhead, we propose a Cross-Scale
Transformer Fusion Module (CSTF). By introducing a novel Hierarchical Cross-Scale Embedding Layer
(HCEL), our approach allows tokens to capture contextual information at multiple scales while maintaining a
reasonable number of parameters.
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Fig. 4. Visual representation of the Vanilla fusion vs. multi-path fusion strategy.
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Overall Module Structure Figure 2 illustrates the structure of the CSTF module. After obtaining the multi-
level features F'1 123 and FI bl 25 from the Edge-Augmented Module (EAM), features at the same level (denoted
as F'I; and F'I},) are fed into the CSTF as inputs X and Y/, respectively.

Taking the X branch as an example, the following subsection details how the HCEL generates multi-scale
tokens, which the cross-scale Transformer mechanism then uses to fuse the complementary information from
the two branches.

Hierarchical Cross-Scale Embedding Layer (HCEL) Let the input feature map be denoted by
X = feap € RPXOXHXW ‘where B is the batch size, C' is the number of channels, and H, W are the spatial
dimensions. We define the number of embedded tokens N as:

HxW
N=255 (5)
where P is the patch size.

The HCEL progressively converts the multi-resolution features ( feao, fea, ..., feay) into a set of tokens
(tokeng, tokeny, . . . , token,, ). These tokens capture multi-scale contextual information, ultimately producing
query, key, and value embeddings (@, K, V') for subsequent transformer operations.

Formally, the core operations of the HCEL are expressed by:

token; =T'K;(fea;), token; € RE*V*Ci (6)

H_ W
feais1 =DSi(fea;), fea; € RP*CX2r a1, (7)
Q, K =concat(tokeny, ..., token,), V = tokeny, (8)

where:

o TK;(-) denotes the convolution-based tokenization of fea;, with kernel size k = P and stride s = 5. This
produces token; € REXNXCi (gee Algorithm 1, line 3).
o DS;(-) applies a 3 x 3 convolution with stride 2 to downsample feas, yielding fea;+1 (Algorithm 1, line 5).

¢ QK e RPN 20 “ and V € RB*N*C0 gerve as the final query, key, and value embeddings, respec-

tively (Algorithm 1, lines 7-8).

Input: Input feature map feag € REXCH*W 'patch size P, number of stages n

Output: Q,.K,V

Initialize an empty list Z for storing tokens;

fori< Otondo
token; < TK; (feai) ; /* Eq. (6): convolution-based tokenization */
Append token; to ;
if i <n then

LfeaiJrl(—DSi(feai); /* Eq. (7): downsampling =/

0,K « concat(tokeny, ..., tokeny,) ; /% Eq. (8) +/
V <« tokeng;
return O, K,V;

Algorithm 1. Hierarchical Cross-Scale Embedding Layer (HCEL).

By downsampling and tokenizing features (feao — fear — --- — fean), the HCEL effectively captures
multi-scale representations across various resolutions. This strategy enhances global context modeling and
expands the network’s representational capacity.

Figure 5 illustrates how these steps integrate to encode multi-scale contextual information. As the original
feature map is downsampled and transformed by successively larger strides, each token; captures a progressively
broader receptive field. Concatenating these tokens along the channel dimension thus combines both local
details and long-range context, ultimately contributing to more robust feature representations and, by extension,
improved fusion performance.

Cross-Scale Attention and Feedforward Network After the HCEL process, we obtain [Q., K., V] and
[Qy, Ky, Vy] for the X and Y branches, respectively. We then perform cross-attention and feedforward network
(FFN) operations as follows.

For the X branch:

T, = V; + norm (Attention(Qy, K., Vz)), T, =T, + norm(MLP(Tz)). 9)
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Fig. 5. Schematic diagram of the HCEL embedding process.

For the Y branch:

T, =V, + norm(Attention(Qz, Ky, Vy)), T, =Ty + norm(MLP(Ty)). (10)

The attention mechanism is calculated as:

QK"
Vd

where p is the learnable relative position encoding and d is the dimension of the output vector.
Finally, T} and T}, are upsampled from REXE*N to REXCXHXW iy 3 resampling operation (Re). The
results are then combined with the original inputs X and Y through element-wise multiplication, producing:

Attention = softmax( + p) V, (11)

X = X ORe(Ty), Y =Y ®Re(T)). (12)

The final output, Out, is obtained by merging the updated X and Y using a combination function, which in
our case includes element-wise maximum, minimum, and addition operations to capture different facets of the
input information:

Out = Combine(X,Y). (13)

Loss function

The loss function plays a crucial role in guiding the optimization process and ensuring the quality of the fused
image. Our loss function consists of two components: a perceptual loss and a gradient loss. The overall fusion
loss function, denoted as L fsion, is expressed as:

qusion = Lgr(zdient + A Lpev‘, (14)

where Ly, encourages feature similarity between the fused image and the input images, L gradient promotes
consistency in texture structure, and A is a hyperparameter that balances the contribution of the perceptual loss.
The perceptual loss, Lyper, is calculated as:

fﬁ’ fori=2,7
i i \2 i i \2 =, fori=16
Lper = Z [(¢1f - ¢Ia) + (¢I.f - d)lh) } Wi, wi=q 0 F fori=25 (15)
1€{2,7,16,25,34 1’ .
€{ } 5, fori=34

where ¢., denotes the feature map extracted from the i-th layer of a VGG19 network pre-trained on the
ImageNet1K dataset.

To enhance the fusion of texture details, the gradient loss, Lgradient, €encourages the gradient of the fused
image to approximate the maximum gradient of the two source images. This is calculated as:
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Lgradi(jnt = ||max(VIa, Vfb) - VI/'HQ B (16)
where V denotes the gradient operator and ||-||, represents the L2 norm.

Experiment
In this section, we first describe the experimental setup in detail, and then present the visualization and objective
results. Finally, ablation studies and an in-depth analysis are provided.

Experimental setup
Datasets and tasks
We evaluate our proposed ECFusion method on three multimodal medical image fusion tasks-CT-MRI, PET-
MRI, and SPECT-MRI-using the Harvard medical image dataset.*’ This dataset contains both normal and
abnormal brain images across multiple imaging modalities (MRI, CT, PET, and SPECT). It provides labeled 3D
anatomical scans in transaxial, sagittal, and coronal planes for normal brains, as well as various pathologies (e.g.,
cerebral toxoplasmosis, hemorrhage, stroke). Owing to its diverse modalities and clinical conditions, this dataset
is well-suited for multimodal medical image fusion research.

For PET and SPECT images originally in RGB format, we convert each image to the Y-CbCr color space.
The luminance channel (Y) is fused with the corresponding MRI image via ECFusion; afterward, the fused
luminance channel is recombined with the chrominance channels (CbCr) and transformed back to RGB.

Data preprocessing

To form the training sets, we curate 160, 245, and 333 pairs of 256 x 256-pixel images for CT-MRI, PET-MRI,
and SPECT-MRYI, respectively. Each source image is then divided into 9 overlapping patches of size 128 x 128,
with a stride of 64 pixels. To increase dataset diversity and improve generalization, each patch has a 50% chance
of being randomly masked by a 64 x 64 white or black square. All patches are then upsampled to 256 x 256
via nearest-neighbor interpolation and normalized to the range [—1, 1]. This procedure yields 1440, 2205, and
2997 pairs of training patches for CT-MRI, PET-MRI, and SPECT-MRI, respectively. For testing, 24 image pairs
are selected per fusion task.

Implementation details

All experiments are implemented in the PyTorch framework and executed on an NVIDIA RTX 5000 Ada GPU.
Each model is trained for 50 epochs using the Adam optimizer with a batch size of 4 and a learning rate of
1x107%

Hyperparameters

Our proposed Cross-Scale Transformer Fusion (CSTF) module is configured with n = 3 embedding layers. In
Eq. (5), the patch size P is set to 16. For Eq. (6), the channel dimensions {C; } are assigned as {32, 8, 8,8} for
1 =0, 1,2, 3, respectively. Finally, the loss function in Eq. (14) includes a hyperparameter A, which is fixed at
0.02 throughout our experiments.

Comparative methods and evaluation metrics

We compare ECFusion against several state-of-the-art methods, including U2Fusion *%, EMFusion 22,
SwinFusion '3, DeFusion %, MuFusion 2*, TIMFusion *, and CDDFuse '®. Notably, SwinFusion * and
CDDFuse '8 integrate transformer-based architectures, making them particularly relevant baselines for
evaluating our method. Quantitative performance is assessed using mutual information (MI) >!, Qabf 32, visual
information fidelity (VIF) >3, SSIM **, Qcb %, and Qcv *°.

Experimental results

CT and MRI image fusion

Figure 6 presents the qualitative fusion results for four representative image pairs. For U2Fusion and MuFusion,
the pixel values in the black background regions deviate, showing an increase in intensity. The fused images
produced by U2Fusion, EMFusion, DeFusion, MuFusion, and CDDFuse exhibit a significant reduction in
the salient structural information from the CT images. In contrast, our method effectively avoids pixel value
deviations, preserving both the salient information of dense bone structures from the CT image and the bone
edge information from the MRI image, while also achieving better contrast.

As shown in the first row of Figure 6, our method successfully preserves the texture information of the
brain folds from the MRI image in non-dense regions. In dense regions, it retains both the edge information
and density from the CT image and the corresponding texture from the MRI image. This observation is further
corroborated by the results in the second and third rows. In contrast, other methods tend to either completely
discard or fail to effectively preserve the texture information from the MRI.

Figure 7 and Table 1 present the quantitative evaluation results. Our method achieves the best performance
in terms of MI, Qabf, VIE Qcb, and Qcv while achieving a slightly lower SSIM score. This may be because SSIM
focuses on the overall similarity to the input images, while our method aims to comprehensively integrate salient
information from both images, which may result in a lower similarity score to any single source image.

PET and MRI image fusion
Figure 8 shows the qualitative results on three representative test images. Our method demonstrates clear
advantages in preserving information, avoiding background interference, and producing fused images with clear
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Fig. 6. This figure illustrates the qualitative fusion results of our proposed method compared with seven other
methods on four representative CT-MRI image pairs. The lower right corner shows a 2x magnified region of
the image for better visualization of details.
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Fig. 7. The proposed method is quantitatively compared with seven state-of-the-art methods on the CT-MRI
fusion task. The x-axis represents the different fusion metrics, and the y-axis represents the corresponding
metric values. White circles indicate the mean values, and black line segments indicate the median values. The
metrics have been scaled for ease of visualization.

textures. The fusion results show that SwinFusion exhibits an upward deviation of pixel values in the background
regions, while EMFusion, DeFusion, TIMFusion, and CDDFuse show a downward deviation in the foreground
dense regions. These pixel value deviations can lead to reduced contrast and degraded image quality in the fused
images. U2Fusion and MuFusion exhibit both upward and downward deviations of pixel values in the fused
images, potentially weakening or distorting critical image information. This deviation issue is further visualized
in the second row of Figure 9. In contrast, our method does not exhibit such deviations, perfectly preserving the
salient information and texture details of the original images, thus achieving ideal fusion results.

Furthermore, our method excels at preserving the clear texture information of brain folds, as particularly
evident in the first and third rows of Figure 8. In the second row, our method not only retains rich texture
information but also surpasses other methods in preserving the saliency of bone structures. This demonstrates
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Metrics | U2Fusion | EMFusion | SwinFusion | DeFusion | MuFusion | TIMFusion | CDDFuse | Proposed
MI 2.5787 3.1338 3.1605 2.8886 2.5861 3.5558 3.0949 3.6244
Qabf 0.4480 0.4937 0.5771 0.3790 0.4118 0.5483 0.6140 0.6497
VIF 0.3363 0.5595 0.5611 0.4308 0.3783 0.5328 0.5255 0.6707
SSIM 0.2381 0.6580 0.6865 0.6462 0.2312 0.6117 0.6840 0.6554
Qcb 0.3214 0.6625 0.6567 0.6112 0.3520 0.6157 0.6624 0.6981
Qev | | 1894.46 2298.24 1174.53 1381.43 1947.47 1307.48 1302.96 1150.07

Table 1. Quantitative comparison with seven algorithms on the CT-MRI fusion task (averaged over 24 image
pairs). Values in bold indicate the best performance and values in italic indicate the second-best.

PET MRI U2Fusion EMFusion SwinFusion DeFusion MuFusion TIMFusion CDDFuse Proposed

Fig. 8. This figure illustrates the qualitative fusion results of our proposed method compared with seven other
methods on four representative PET-MRI image pairs. The lower right corner shows a 2x magnified region of
the image for better visualization of details.

CT/PET/SPECT MRI U2Fusion EMFusion SwinFusion DeFusion MuFusion TIMFusion CDDFuse Proposed

Fig. 9. This figure illustrates the typical fusion results of each method on the three tasks. The red box in the
lower right corner highlights the binary difference image between the fused result and the CT/PET/SPECT
image, which facilitates the visualization of the consistency of the fusion results across different methods in
both background and salient regions.
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Scaled Values of Metrics
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Fig. 10. The proposed method is quantitatively compared with seven state-of-the-art methods on the PET-
MRI fusion task. The x-axis represents the different fusion metrics, and the y-axis represents the corresponding
metric values. White circles indicate the mean values, and black line segments indicate the median values. The
metrics have been scaled for ease of visualization.

Metrics | U2Fusion | EMFusion | SwinFusion | DeFusion | MuFusion | TIMFusion | CDDFuse | Proposed
MI 2.7555 3.1121 3.4459 27723 2.8016 3.4847 3.6095 4.5539
Qabf 0.4485 0.7075 0.7394 0.5858 0.6548 0.6973 0.7148 0.7555
VIF 0.4873 0.6762 0.7612 0.5692 0.6081 0.6712 0.7503 0.8788
SSIM 0.2684 0.6309 0.3319 0.6030 0.3250 0.5772 0.6482 0.6487
Qcb 0.3543 0.6136 0.3778 0.5795 0.3977 0.5843 0.6219 0.6552
Qevl 1069.26 82.071 90.50 174.23 194.39 123.19 82.04 71.50

Table 2. Quantitative comparison with seven algorithms on the PET-MRI fusion task (averaged over 24 image
pairs). Values in bold indicate the best performance and values in italic indicate the second-best.

the clear advantages of our method in preserving details and fusing information. Due to the lower resolution of
PET images compared to MRI images, some methods, such as MuFusion and CDDFuse, exhibit a mosaic effect,
indicating their limitations in handling images with different resolutions. Our method successfully avoids the
mosaic effect, ensuring the overall quality and visual consistency of the fused images.

As shown in Figure 10 and Table 2, our method achieves the best performance across all metrics: MI, Qabf,
VIE SSIM, Qcb, and Qcv. It particularly excels in metrics based on human visual perception, such as VIE, Qcb,
and Qcv, indicating that our method produces fused images with superior perceptual quality. The optimal
performance in MI, Qabf, and SSIM further demonstrates the effectiveness of our method in preserving edge
and feature information.

SPECT and MRI image fusion
Figure 11 presents the qualitative comparison results of SPECT and MRI image fusion. The first and second
rows demonstrate that our method avoids the masking of texture information in the MRI images by the color
information of the SPECT images, resulting in clear texture structures. The third row shows that the SPECT
image contains some noise (purple spots). In the fused results, both our method and EMFusion successfully
suppress this noise, likely due to the deep-level constraints employed in both methods, which enhance their
perceptual capabilities. Similar to the PET-MRI fusion results, our method, as shown in Figure 9, avoids pixel
value deviations and maintains pixel consistency with the ideal fusion scenario in both the common background
and unique information regions.

The quantitative results are shown in Figure 12 and Table 3. As the SPECT-MRI fusion task is similar to
the PET-MRI fusion task, the analysis of the qualitative results aligns with that of the PET-MRI fusion. Our
method demonstrates significant advantages in metrics such as MI, Qabf, VIF, and Qcv, indicating its superior
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SPECT

Scaled Values of Metrics

U2Fusion EMFusion SwinFusion DeFusion MuFusion TIMFusion CDDFuse Proposed

Fig. 11. This figure illustrates the Qualitative fusion results of our proposed method compared with seven
other methods on four representative SPECT-MRI image pairs. The lower right corner shows a 2x magnified
region of the image for better visualization of details.
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Fig. 12. The proposed method is quantitatively compared with seven state-of-the-art methods on the SPECT-
MRI fusion task. The x-axis represents the different fusion metrics, and the y-axis represents the corresponding
metric values. White circles indicate the mean values, and black line segments indicate the median values. The
metrics have been scaled for ease of visualization.

performance in preserving texture and feature information and achieving high perceptual quality in the fused
images. Although our method achieves slightly lower SSIM scores compared to CDDFuse, this is likely attributed
to its inherent noise-filtering effect.

Ablation study

Feature enhancement module

In medical image fusion, texture and edge information are often more crucial than other details. These areas, such
as the folds of the cerebral cortex and the boundaries between normal and diseased tissues, are characterized by
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Metrics | U2Fusion | EMFusion | SwinFusion | DeFusion | MuFusion | TIMFusion | CDDFuse | Proposed
MI 2.6466 3.0753 3.2801 29186 3.0064 3.8820 3.9318 4.5115
Qabf 0.4781 0.6680 0.7131 0.4098 0.5896 0.6269 0.7303 0.7378
VIF 0.4053 0.6300 0.7153 0.5003 0.5333 0.6133 0.8397 0.8796
SSIM 0.2502 0.6223 0.2868 0.5823 0.2903 0.6116 0.6254 0.6152
Qcb 0.3183 0.6492 0.3608 0.5780 0.3782 0.6211 0.6782 0.6779
Qevl 409.00 83.80 59.66 305.49 164.31 213.15 53.81 50.37

Table 3. Quantitative comparison with seven algorithms on the SPECT-MRI fusion task (averaged over 24
image pairs). Values in bold indicate the best performance and values in italic indicate the second-best.

CT and MRI image fusion PET and MRI image fusion SPECT and MRI image fusion
w/o w/o w/o w/ w/o w/o w/o w/ w/o w/o w/o w/
Fusion tasks | MP FE MS MP&FE&MS | MP FE MS MP&FE&MS | MP FE MS MP&FE&MS
MI 3.2559 | 3.66471 | 3.1857 | 3.6244 3.9962 | 3.9286 | 4.0125 | 4.5539 4.0444 | 3.9795 | 4.0698 | 4.5115
Qabf 0.5679 |0.5917 | 0.6230 | 0.6497 0.7501 | 0.7488 | 0.7513 | 0.7555 0.7346 | 0.7323 | 0.7362 | 0.7378
VIF 0.5671 | 0.6576 |0.5717 | 0.6707 0.8233 | 0.8019 | 0.8189 | 0.8788 0.8545 | 0.8318 | 0.8607 | 0.8796
SSIM 0.6451 | 0.2267 | 0.657471 | 0.6554 0.6375 | 0.6343 | 0.6434 | 0.6487 0.6135 | 0.4847 | 0.6083 | 0.6152
Qcb 0.6804 | 0.4339 |0.6874 | 0.6981 0.6230 | 0.6295 | 0.6418 | 0.6552 0.67881 | 0.4072 | 0.6748 | 0.6779
Qevl 1288.90 | 1625.17 | 1157.75 | 1150.07 72.10 |75.07 |73.03 |71.50 51.23 52.61 53.46 |50.37

Table 4. Quantitative comparison results of the ablation study (mean values are shown).MP, FE, and MS
denote the Multi-Path Fusion Strategy, Feature Enhancement Module, and Multi-Scale Strategy, respectively. 1
indicates that removing the specified module leads to better performance on this metric.

significant pixel value variations. However, these regions may not necessarily have high pixel intensity, making
them susceptible to information loss during neural network processing.

To mitigate this loss, we extract edge pixels as prior knowledge and utilize them as auxiliary input to the
feature extraction module. This strategy aims to enhance the intermediate representation of edge information.
To evaluate its effectiveness, we conduct an ablation study by removing the feature enhancement module from
our proposed EAM.

As shown in Table 4, incorporating the FE module leads to an improvement in Qabf, VIF, SSIM, Qcb, and
Qcv metrics.

Multi-scale fusion module

Vision Transformers (ViT) utilize position encoding to provide tokens with spatial information, enabling
them to understand their location within the input sequence. In our approach, we introduce a Hierarchical
Convolutional Embedding Layer (HCEL) to generate intermediate tokens at multiple scales. These multi-scale
tokens are then concatenated along the channel dimension, producing tokens with enhanced context awareness.

The HCEL achieves multi-scale representation by maintaining a constant convolution kernel size while
halving the stride during the downsampling and convolutional embedding process. This effectively doubles the
receptive field of each subsequent token, allowing it to capture information from a larger spatial context. By
integrating information from various scales, the tokens gain a more comprehensive understanding of the input
image.

To demonstrate the effectiveness of this multi-scale strategy, we performed an ablation study. We modified
the HCEL to halve both the convolution kernel size and the stride after downsampling, preventing the expansion
of the receptive field. This modification effectively removes the multi-scale characteristic, resulting in tokens that
lack context-awareness. The performance degradation observed in this ablation study confirms the importance
of cross-scale modeling for achieving effective medical image fusion.

The quantitative results in Table 4 demonstrate that our multi-scale strategy consistently improves
performance across all three fusion tasks (CT-MRI, PET-MRI, and SPECT-MRI), as evidenced by the increased
MI, Qabf, VIE, Qcb, and Qcv metrics.

Multiple paths

To enhance information preservation and fusion robustness, we decouple the fusion process of shallow and deep
features. This decoupling allows for more effective preservation of detailed information by extracting multi-level
feature representations of a single image and introducing distinct fusion paths for features at the same level. This
strategy also enables the propagation of shallow features to the subsequent decoding module.

To evaluate the effectiveness of this multi-path strategy, we conducted an ablation study where only the
final deep features were extracted and fused through a single path. As shown in Table 4, removing the multi-
path strategy resulted in lower MI, Qabf, VIF, SSIM, and Qcv metrics, indicating its significant advantages in
information preservation and fusion quality.
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Fig. 13. Qualitative comparison of multi-path fusion strategy on CT-MRI, PET-MRI, and SPECT-MRI image
pairs. Rows from top to bottom represent CT-MRI, PET-MRI, and SPECT-MRI results, respectively. Columns
show the source images (CT/PET/SPECT and MRI), fusion results without and with the multi-path strategy,
and their corresponding difference images with the source images.

Fusion CT and MRI image fusion PET and MRI image fusion SPECT and MRI image fusion
tasks | X =0|XA=0.02|A=02|A=0[A=0.02|A=0.2|2=0|XA=0.02|)=0.2
MI 3.2786 | 3.6244 4.0026 3.9525 | 4.5539 4.5778 4.2731 | 4.5115 4.5400
Qabf 0.6387 | 0.6497 0.5309 0.7503 | 0.7555 0.7550 0.7291 |0.7378 0.7382
VIF 0.6050 | 0.6707 0.9997 0.8064 | 0.8788 0.8797 0.8461 0.8796 0.8827
SSIM 0.6653 | 0.6554 0.6840 0.6437 | 0.6487 0.6445 0.6264 | 0.6152 0.6228
Qcb 0.6916 | 0.6981 0.7283 0.6396 | 0.6552 0.6455 0.6759 | 0.6779 0.6980
Qevl 1150.90 | 1150.07 916.17 70.60 71.50 71.42 51.02 50.37 50.32

Table 5. Quantitative comparison results of the weight A of perceptual loss in the total loss.

Qualitative results are presented in Figure 13. The difference images between the fused image and the source
images demonstrates that the multi-path strategy enhances the preservation of background information and
unique features. This is particularly evident in the PET-MRI fusion results, where the background of the fused
image closely aligns with the MRI image.

Hyperparameter analysis

Perceptual loss weight

To encourage feature-level similarity in the fused image, we incorporate a perceptual loss weighted by A. Table 5
shows that a small X (e.g., 0.02) provides a noticeable improvement in MI, Qabf, VIE, and Qcb metrics compared
to not using any perceptual loss (A = 0). However, excessively large \ values (e.g., A = 0.2) can destabilize
training and compromise certain modality-specific features. As depicted in Figure 14, when A = 0.2, the model
fails to preserve critical MRI details in the CT-MRI fusion task. Based on these observations, A = 0.02 strikes
the best balance, mitigating instability while improving key fusion metrics.

Number of fusion paths

The multi-path fusion strategy enhances the robustness of image fusion by aggregating features from multiple
paths, as illustrated in Figure 15. For an input image I, , each fusion path generates different fused feature maps
(FI, FI», FI3 ), capturing distinct aspects of the image. These feature maps are then aggregated to produce
the final fused feature map ( F'I; ), which is input to the decoder to generate the fused image. Thus, the number
of fusion paths is a critical hyperparameter in the model.

However, increasing the number of paths beyond an optimal point can introduce redundant information,
leading to a rise in model parameters and computational cost without a corresponding improvement in fusion
quality. As shown in Table 6, when the number of paths is increased from 3 to 4, the performance metrics,
including mutual information (MI) and Qabf, actually decline in CT-MRI fusion tasks. This result aligns with
our analysis, suggesting that excessive paths introduce unnecessary complexity without further enhancing
fusion performance.
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Fig. 15. Visualization of the multi-path fusion strategy in ECFusion. I,, is the CT image, Iy, its edge map, I

is the MRI image, and Ié’dge its edge map. F'I1, F'I», and F'I3 show the fused features from paths 1, 2, and 3,

respectively.

Computational complexity analysis
In addition to visual and quantitative assessments of fusion quality, we analyze the computational cost and
resource usage of our proposed method alongside several state-of-the-art approaches (SwinFusion, DeFusion,
MuFusion, TIMFusion, and CDDFuse). All methods, including our own, were implemented using the PyTorch
framework for consistency and fairness in comparisons. Table 7 reports four key metrics: the total number of
trainable parameters (Params), the floating-point operations (GFLOPs), the maximum GPU memory usage
(Max Mem), and the average inference time (Inf. Time).

As shown in Table 7, our proposed method achieves a balanced trade-off between model size, computational
complexity, and speed. Although MuFusion has the fewest parameters (0.55 M) and TIMFusion attains the lowest
FLOPs (8.4 GFLOPs) and fastest inference time (7.4 ms), our approach still maintains a compact architecture
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Fusion CT and MRI image fusion PET and MRI image fusion SPECT and MRI image fusion
tasks |N=1|N=3|N=4|N=1|N=3|N=4|N=1|N=3|N=4
MI 3.2559 3.6244 3.3282 3.9962 4.5539 4.5547 4.0444 4.5115 4.4145

Qabf 0.5679 0.6497 0.6406 0.7501 0.7555 0.7558 0.7346 0.7378 0.7381
VIF 0.5671 0.6707 0.6109 0.8233 0.8788 0.8834 0.8545 0.8796 0.8825
SSIM | 0.6451 0.6554 0.6703 0.6375 0.6487 0.6483 0.6135 0.6152 0.6107
Qcb 0.6804 0.6981 0.6916 0.6230 0.6552 0.6535 0.6788 0.6779 0.6744
Qcvl 1288.90 | 1150.07 | 1389.13 | 72.10 71.50 71.44 51.23 50.37 50.15

Table 6. Performance comparison for different values of N (number of fusion paths) in the multi-path fusion
strategy. Values in bold indicate the best performance.

Method Params (M) | GFLOPs | Max Mem (GB) | Inf. Time (ms)
SwinFusion | 0.97 75.98 8.2 160.6
DeFusion 7.87 15.17 0.9 37.7

MuFusion | 0.55 10.95 12 69.4
TIMFusion |1.24 8.4 4.8 7.4

CDDFuse 1.19 78.36 0.5 30.9

Proposed 0.92 14.56 0.6 13.4

Table 7. Comparison of the proposed method with state-of-the-art approaches in terms of model complexity
and inference efficiency. The best result in each column is shown in bold.

(0.92 M params), moderate FLOPs (14.56 GFLOPs), and relatively low memory usage (0.6 GB), while running
at 13.4 ms per image. Compared with methods such as SwinFusion or DeFusion, the proposed approach is
significantly more efficient in memory footprint and inference speed. This efficiency is particularly advantageous
in real-time or resource-constrained clinical settings, where large-scale image data must be processed rapidly.

Threats to validity

In this section, we discuss potential threats to the validity of the proposed ECFusion framework. While the
method demonstrates significant improvements over current techniques, acknowledging these areas helps
provide a clearer understanding of its scope and future development opportunities.

Internal validity
Internal validity focuses on factors within the experimental setup that may influence the results:

Dataset Characteristics: The evaluation was conducted using the AANLIB dataset, which provides a diverse
range of high-quality medical images. Although this dataset is comprehensive, it may not fully represent all
clinical scenarios or imaging conditions found in real-world clinical practice. Expanding the evaluation to larger,
more diverse datasets will further ensure the robustness of ECFusion across various clinical settings, providing
a more accurate reflection of its performance in broader healthcare environments.

Model Sensitivity to Hyperparameters: The performance of ECFusion is influenced by the selection of
hyperparameters, particularly the weight (A) used in the perceptual loss function. While strong results have been
achieved with the current settings, ECFusion has the flexibility to be adapted to various clinical applications.
Refining the hyperparameters through further optimization will enhance its versatility, ensuring it performs
optimally across a wide range of imaging tasks.

Edge Detection Integration: The Edge-Augmented Module (EAM) utilizes the Sobel operator for edge
enhancement, which works effectively for high-quality images. In certain scenarios with low contrast or
significant noise, edge detection may need refinement. To improve the accuracy of edge preservation in such
conditions, alternative edge-detection methods will be explored, ensuring ECFusion performs optimally across
diverse imaging environments.

External validity
External validity considers the generalizability of the results to real-world clinical settings and other imaging
modalities:

Generalizability to Other Modalities: The evaluation focused on fusion tasks involving CT-MRI, PET-MRI,
and SPECT-MRI. ECFusion has shown strong potential for generalization, and validating its performance across
additional imaging modalities, such as ultrasound®” and X-ray®®, will provide insights into its versatility. This
will further demonstrate the framework’s adaptability to a wide range of imaging types and clinical scenarios.

Clinical Applicability: The experiments were conducted using high-performance computational resources
and a relatively small dataset. For clinical use, real-time processing and handling of large-scale datasets are
essential. Our computational efficiency experiments (Table 7) show that, although ECFusion exhibits
competitive performance, its inference speed lags slightly behind that of TIMFusion. Optimizing ECFusion for

Scientific Reports |

(2025) 15:11657 | https://doi.org/10.1038/s41598-025-93616-y nature portfolio


http://www.nature.com/scientificreports

www.nature.com/scientificreports/

real-time clinical applications will increase its relevance for fast, accurate image fusion in clinical environments.
Techniques such as model pruning and hardware-specific optimizations will ensure scalability and efficiency,
making the framework more practical for everyday clinical use.

Construct validity
Construct validity refers to whether the method effectively measures what it intends to measure and whether the
chosen metrics accurately reflect the quality of the fused images:

Evaluation Metrics: The performance of ECFusion was assessed using widely accepted metrics, including
mutual information (MI), SSIM, and VIE. While these metrics are valuable, incorporating expert clinical
feedback will provide a more comprehensive understanding of the clinical value of the fused images, ensuring
that the method aligns with the practical needs of medical professionals.

Perceptual Loss Function: The perceptual loss function used in this study has shown promising results for
preserving important structural and textural details. To improve its adaptability across various imaging tasks,
future work will explore alternative perceptual loss functions to strike the best balance between structural
preservation and contrast enhancement, enhancing the frameworK’s versatility.

Conclusion validity

The ECFusion framework demonstrates strong performance in multimodal medical image fusion, achieving
significant improvements over existing methods. While certain areas, such as dataset expansion, real-time
optimization, and adaptation to additional imaging modalities, provide opportunities for further enhancement,
the framework has already shown considerable potential. Ongoing efforts will refine and optimize ECFusion,
ensuring its robustness and applicability across a variety of clinical settings. These improvements will further
solidify its value as a powerful tool in medical image processing.

Conclusions and future work

This paper presented ECFusion, a medical image fusion framework that combines edge enhancement and a
cross-scale Transformer. An edge-enhancement feature extraction module was designed to leverage Sobel-based
edge maps as auxiliary input, thereby enriching the representation of edge information. By incorporating a
multi-path fusion strategy, the proposed approach separates the fusion processes of deep and shallow features,
mitigating information loss and improving fusion stability. In addition, the Cross-Scale Transformer Fusion
Module (CSTF) employs a Hierarchical Cross-scale Embedding Layer (HCEL) to introduce multi-scale
characteristics, enhancing the visual quality of fused images.

A perceptual loss function was used to achieve feature-level similarity. Experimental results on CT-MRI,
PET-MRI, and SPECT-MRI tasks demonstrated that ECFusion produces clear textures and preserves contrast,
while avoiding pixel-value deviations observed in other methods. Notably, the framework achieves competitive
performance on metrics such as SSIM, despite not explicitly incorporating SSIM constraints.

Although the current method utilizes Sobel-based edge maps, future work will explore more flexible and
robust edge extraction strategies. In addition, evaluating ECFusion on larger and more diverse datasets will
further assess its scalability and applicability in real-time clinical scenarios. Finally, optimizing the framework
for large-scale, time-sensitive tasks can help establish ECFusion as a valuable tool in medical image processing.

Data availability
The data is publicly available at http://www.med.harvard.edu/AANLIB/home.html.
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